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wtieneyer one uses ordinary least squares regression, 
one is mak:ing an implicit assumption that all of the indepandent 
variables/ have been measured without error. Such an assumpti6n is 
^cbvfouslv unrealistic for most social data. One a'pproach for 
estioatl^ia such regression models is to measure iapll^*:' coefficients 
be*: ween/ latent variables for which one had multiply manifest 
indicators. The problem with this approach is that overideatif led 
models yield multiple estimates of the associations among latent * 
variables. Maximum likelihood estimation (HLE) can be used to obtain 
e?timates of t^ese overldentified parameters, Th^ recent davelopment 
of a; coji^piuter program for confirmatory factor analysis by Joreskog, 
Gruvaeus, and Van Thillo has made HLE computational procedures 
priicticable. The resultin'g variances and covariances 'of the latent 
factors can be used to estimate the parameters of a structural model 
assumed to exist among the factors, and Joreskog and sorbom have ■* 
developed a program which incorporates HLE procedures for both the 
confirmatory factor analysis model and the linear structure model, 
•^his proaram is called LISBBL, an acronym for linear structural 
relationships. This paper provides a nonmathematical introduction to 
LISPBL, fAuthor/BW» 
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AN INTRODUCTION TO LISREL 
ABSTRACT 

Recent methodoloqical. advances (Jdreskog and Sdrbom, 1978) now 
allow the estimation of caui^l models which incorporate structural 
relationships among latent variables i and confirmatory factor pro- 
'cedures ^to estimate latent variables and the measurement properties 
of their manifest indicators. The examinatii^of structural effect 
amonq theoretical variables not directly measurable offers great 
promise for developing and testing theory in educational research. 
This paper presents an introduction' to such models. 



CAUSAL MODELS WITH UNMEASURED VARIABLES: 

AN INTRODUCTION TO LISREL ^ ' 

t * * • . , ■ 

Whenever one uses ordinary least sq^iiares (OLS) regression, one" Is- 

maklrtg an Implicit assumption about measurement error.- As^Blalock 

' (1964, p. 49) noted, one assumes that "t)iere may be errors of 

measurement with respect to the dependent' variable .Y, but .that eill of 

the Independent variables have been measured without error." Such an 

assumption Is obviously unrealistic for most social data., Until 

recently, one had three alternative methods for estimating such 

regression models. By far the most common was to nalv^ely assume that 

the variables were measured without error, and wistfully hope 'the 

resulting estimates were robust. A- second al ternatlve was to corrict 

correlation coefficients for attenuation, and use the corrected estimates 

as inputs to the regression analysis. The procedure, however required 

a priori knoV^ledge of the reliability co^ficients for the variables; } 
■' . ' 

furthermore,, orie had to assume the reliabilities were invariant from one 

/ • ■ -. 

application to another. These restrictions have severely limited the use 

•of regression' analyses based on correlations corrected for attenuation. 

Yet a^ third alternafive was to measure implied coefficients between latent 

variables for which one had multiple manifest-^dicators. ' Siegel and. 

tfbdge (1968), for example, explicated several such models in their paper, 

feted to" sociologijsts; furthermore, they noted that correlations 
ected for attenuation were merely special cases of their multiple 
indicator models. (One should note that the sociologists' preoccupation 



with paPth analysis and causal iriQdels as apprqachas to inSaVurernent error 
■ mh anticipated by'Sewell Wr1(jht nearly sixty years ago. 'For a suiiiinary 
and appreciation (?f Wright's seminal work tn" structural modal Inn, see 
'Goldberger [1972].) ' ( ' ^ \ ' ' . 

' ' ■ A 

The problem with the-. third alternative, as .noted by'^HausV and 
Goldberger (1971) and Long (1976), 1& Its^ .casual approach' tqjyar^Vtatls- 



tical est1ma.t1orKjj|j3id hypothesis testing. The problem results Vrbin" 
overident1/fe|l models, which. y1eTd multiple es^tmates of the>assoc1at1ons V 
among latent' variables.. In response, ^fne authors have dhosen to Ignore 



one pr more of the Identifying e^^tlons (e.g4»,'Blalock, 1970; Land, 1970); 
^others have averaged^e estimates fronb the: several equat^lons (e.g.,.'', 
Hauser, 1970). A better alternative wJuld be to ob'^n jftslxl mates ofLjt-he 
overidentified parameters by maximum ^Ikel 1 hood estlmaMon' (MLE) . These 
procedures grew out of the work o^^Lawley (1943), but^feh^immense^compu- 
tatlonal load required for their Iterative estlijiatlyi ^ejented^tf^elr 
application in practice. Thus, the application of mol-e adequate statistical 
procedures languished until Joreskog (1966, 1967, 1969) discovered an 
efficient fILE computational procedure, soon to be fol lowed^by. a computer 
•;:Program for confirmatory factor analysis (Joreskog, GruvaeUs, and van ^ 
Thillo, 1970). The resulting variances and covariances of the latent' 
factors could be used to estimate the parameters of a structural model 
assumed to exist among the J^ctors, and Joreskog and Sorbom (1978) have 
provided a program which incorporates max'imum likelihood estimation 
procedures 'for both the confirmatory factor analysis measurement model , 
and the linear structural model among the factors. This program 'is called 
LISREL, an acronym for linear structural relationships, and possesses the- 



potential f of' rejioliitlonlxlng the way 80cUVsc1ei)t1sts test hypothesUed 
>e1atlonsh.1p|S 'mnoiHJ thi^iretical , urpet^aured 1 extent \«r1abU9, Yet I 
hasten to cautlorKbath users of LISREL, and tho^*« who .would uricrl ticiti ly 
MwejJt 1 1 SRa' solutions; strontj. models, which yield useful- Jnforniation,- 
result frorti' researchers who know their subjectiiatter, anjl who postulate 
disprovable liypotheses (PUtt, 1964). As Cooley .( 197U) reminded us, 
soiiietiines "d simple contingenc;^ table analysis provides better causal 
estimates than more .'complex estimation "procedures , wljen the researcher 
.losing the contingency table uses the- right variables; and ther^y controj's 
for alternative explanations for observed aSsbciatiohs-. lUSREL is, 
ther^fore^ like most' e?ti,mati^op procedures; a^ Uixl to thinking about one»s 
subject matter. It is not a substitti%. l^eJders'''(ai/d , -editors ! ) should 
not be lulled into the belief that L{SRfkF9<^lution| jdi^d ipso facto goo4 
^research. Duncan. ( 1975) drew'^ the u/e^^ distinctivi between' th6 easy part 
of/feaustt jTipdeling t(t'he 'estimation' of dausal parameters, and thei r algebraic 
mart^ulation) an^the .harT^^ (knowirig oni's spbject matter, and hav^tng ''^ 
a stylish ',^ppretiatlon of alternative expirations) . Sjplvjng the easy ' \ 
problems, should notWlWad anyofie^to believe that the hard problems hav©^ 
been resolved. This paper will become difficult engugh.both symbliTical ly . 

and algebraically, but does- not/ ev^n approa^ the complexity involved'Tn 

■ ' ' "'. . '^i ' ■ ■' i.'^ 

doing good research. * / 

' The purpose of this paper to provide a^^honmathen^tical introduc- 

• ^ ■ '-'t^ J ' d ■■- 

tion to LISREL. Those 'intei*efeted"^'(} -the basic pewDers that de'^^lop' the */, 

. ■ ■ ' ^^-A^'' sir ^ ' ^ ^ & 

mathematics of LISREL may. , read J^ireskog and' Sorbo[n ( 1979) . Those inter- ' 
ested in reading wel l -founded;app'l i cations of LISREL earl ier versions ' 
of , the -program}. may read^Mason^ et>jf: (1976) and Mare and Mason (1980K.-'|- 




who an^lyzetl t\\B errors Involved jn t:hiUlr«n'!i rafioi-ts pdrerit:^) 
o,hc<>'4qt;«jr Utiles J lllalby, at, dl, (10/7), who dn^ilvi^il n iimi niuilal ur 
^itrttus .itr,rtlrimtjnf; m\ cm\\)n\'& t;h« r«!iult;ln»| dstliiuiCati wi th 01 s ^st liiirtt«-, ; 
rtrid Wtirts;, «t; 4I . (10/7), who develop a ^ Implex ..iiiodtj I or iHMdemli 
achievement over time; For those Interested In alternrttlve Intruduotionti 
to the diirtlynln of covrtr lance s tt'uctures , see Hurt: (10/ 1) or l.on<) (I07fi). 

SPEC [F (CAT ION OF A LISHEI. MOOFL 

In. presenting any causal 1110 dj^ 1 , It is convenient to use a pal;h - 
diagram., o'n^sijch model is shown- In Flfjure 1. In Flijure I. variables 
enclosed InplMpsesare latent, unobserved variables; variables enclosed 
in rectangles are manifest, observed variables; thti unenclosed variables 
represent errors of measurement and residual errors of prediction. A 
one-way an^ow represents a hypothesized causal effect; the arrow points 
toward the affected variable. A curved, double-headed arrow represents 
a correlation to which no causal interpretation is attached. Dashed lines 
represent associations added to the model in subsequent analyses; these 
will be explained below. . •* 

Before proceeding to discuss the model in Figure 1, letjme explain 
why the discussion is couched in matrix notation represented by Greeic 
Jetters. These mere^l]^ follow the tradition established by Jdreslcog; thus, 
learning the notation* once pays off when reading any of the basic papers 
on confirmatory factor analysis. Moreover, setting up the LISREL 
computer program involves specifying the type and size of several matrices, 
and involves specifying whether the elements within these matrices are 
fixed at pi^especified values, or are free parameters to be estimated by 



V 



Piyure I. LISRtl. Model of the Uevolopiiient and Stability of Attitudes Toward 
Work and Family; White fligh School Graduates, 1972 {N = 751). 
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Mf tlloir iucak ttatilc:? ^ /fiit c^amfttc, fhc: ( 1 aintul^i ^ ) ma f r U , wh 1 1 icUfc:^ 
fjUftHsi fii i!lafUrc:it varLihlci;, { lafcrtct) <u 4:^ i\ In nie inMll (UvujraitK 

Ih ittatilnij thd I i^Kti hicraturc. and Ih m:jIm»j the t ISHtt pruuram, 

Ihcirti afc cti|lit niad Ucf^i in thc^ t l%tUi imimIc-I; 4M»I a lutlny ^tf 
nicsinwlll htsijj to umlci^fafUl fhc* *n -si u^-, hjjj tti ruMuw. thie ba:i\i .li^fliu 
rj»)H To Krcp In nilinl \- isvA^itan d AiUjrrf u lu VAMahU-,, wlui^.t-^ .atr-c- ai c 
laiaMa t Y/ti^l In ( fic? inuile I , .uul tjnt|i)*jt;itiMn var1ahlc-!i. wfitr.c iair-e^ at ci 
fru \uiUu\ irt Mir; Mtndc? I . AntiMmr .11 ( i f I i,n 1% ftiailc (.etwdcin (hit^ci »Ma 1 . 
that. .lf?rhH? 'I luj MicM^in mnt^nl [uuMuti uf i\w nrntjrl. aiM fluric? HMtrf.c^^ fhal 
<l(*f(ru5 fhr % f rtH f 1 pvtrtloM of f firf ifiutir L ! ht> uirnVi tn rtinr^fU' inridr i i-. 
jlt*f!ru*il hy (wn r-iM|ri>s% i ott nta I r h , aotl two var i anv t* ^ ovar1 am ci iiiati f.c-. 
ainon*} <'rrnr\ of iIummh tMiUMtf : 

I) (iamlMla y, or lY) a p t)y m ri*^|rc-.% ion ina I r- ) , whWh 

rclafo*. Uu^ Mi (Mi<lt)t|rMioii% fai ft)r-> fo rMrlt ()f n 
<MUl()«|(»nou% fiianif«*%i var i ah 1 , * 

( lainf)«la- X , DfiX^ i % \ i)J>y fi rf^^rp^Mfin ;Maf;r-)x, wh m, h 
relates the n f^xoMenuus tart.i)f*s r^) i^^th ot th^ q t'^nnrr^'up, 
'M^in i res t van ! es ; 
^) V i t^^eta-eps ] 1.or^ , i)r \\) is .1 s vnin^ef ^ 1 ■) :n d 

var^iance-LOvarivifh:f» matrix .vihsn*) the tM'?s)r's .vr- ; urisiirMnsMi r 
tor ttio p tMuloqtMious iiianitest varMabU^s, wIumi iuir as .lij^^t^s 
these errors ot ineasurepien t ars?- tint:orre 1 a ted , \ > i'lay De 
specified to be ,a diaqonal natr-ix of order 0; 



CMiycHMU^i m;|Hlf<S5jr varfaltltt^, ^han un« 45:jwc^ Hicic 

dful tmi V4r1,vu« ^UvafUiUcr m^dhc^. una 4r^*Hhj the a.o^cnou^ r^,*,.,, 
i 

f 4» I or *i . 

iM\ fhci .n^uuf^rtl, ^nJ orj fh« off d];l.junAl *ur^r.iiii% ucMArUt: 

factor-; ifMv be s r.,iri(i,ird f ./fvj by inputinq rofro ] ,u i ons ,ind -.pfM ifyinq 

the dOcjon.,] of. j to be ones. Tho 1 ISRH modo i .:oos ^o^ , ■ 'lAwovrr , n,:.rmit. 

d priori soen f ic^^tlon of thp v.in ^ri<:e".:ov,iridnce\'>.)?,r i . .^inoriu tnp : . 



endogenous factors. This is not a/shortcoming of the LISREL modef, t?ut 
is inherent to the model's mathemaljical logic. Thus, LISREL- estimate's " 
are unstandardized even when analyzing a correlation matrix; standardized 
solutionsl are, available in LISREL by adjusting ^ the unstandardized 
estima-tes by;es,tilnated standard deviations for thevc and n factors. 
The, exac^^^eqificati-on-Qf these splutions i-s gifen in .Jor6skog and " 
• Sorb'om (il978, p. 60). ' • ' , , /N^ ;•.■;>,• '..r ■ ' ■ ■ 

THE STRUCTURAL MODEL ^ :* ' • ■ - ' 

With these matrices in mind, we may again consider the model 
depicted in figure 1, and then express the relationships in matrix terms. 
Figure 1 represents a longitudinal model of the development and stability 
of attitudes toward work and family. Respondents in the^at^^ 
Longitudinal Study of the High School Class of ]972f^ee Levinsohn, et 
al,, J978) were asked "How important is each pf Ihe following to you in 
your life?" „ ^ 

A. Being successful in my line of work, 

B. Finding the right, person to marry and having a happy 
family, 

C. Having lots of money, 

E, Being able to find steady work, 

H, Living close to parents and relatives, 

Getting away from, thi^ area of the country. 
Items A, C, and E were used as ihdi'ces of attitudes toward work, while 
items B, H, and (the additive inverse ^/ ) I were used as indices of 
attitudes toward the family, (Items omitted from this list dealt with 



8 , . . 

measures of coirmurti ty orientation.) The respondents were asked to indicate 
whethef- these statements were either not ijnportant, somewhat important, 
or very important. The items were thus scaled or rescaled such that 
higher numbers reflected more importance; but item I was scaled to its 
additive inverse. There is little reason to b^ concerned about the 
ordinal measurement of the manifest indicators; they are assumed to be 
imperfect indicators of underlying interval -level scales. It is granted 
. without question that the ordinal measures are not exactly isomorphic 
with the underlying Utent variable, assumed to be normally distributed, 
and threrefore efficiency is lost to the extent that there is a/lack of 
' correspondence. This may be thought of as a form of measurement error, . 
and in no way suggests that interval-level statistics are inappropriately 
applied 'to these data (see Borgatta and Bohrnstedt, 1980). 

These attitudes were measured twice (in this application in 1973 
and 1974), and the model specifies at time 1 that latent attitudes about 
work and family are caused by the respondent's ability, sex, and the ^ 
socioeconomic status of their family of origin. At time 2, work and v. 
family attitudes are specified to be caused by the previous expression 
of these attitudes. Thus-, socioeconomic status, sex, and ability are 
assumed to cause work and family attitudes at time 2 only to the extent 
that these exogenous variables affect the development of the same 
attitudes at time 1. Furthermore, no causal nexus is assumed to exist 
between work and family attitudes at either time 1 or time 2. The causal 
model among the latent variables is therefore hierarchical, but not fully 
recursive; in another context Wolfle (1980a) has called such models 
block-recursive. 

. J ' ■ ' * 

-c ' x 



The specification of this causal model is arguable. For example," 
how realistic is the postulation that the exogenous variables have no 
direct influence on work and family attitudes at time 2? In this case, 
the postulation is easi ly 'testable. One may simply respecify the model 
with the appropriate paths included, and determine if the paramete^ • 
estimates are equal to values within appropriate ranges expected by 
chance if the parameters were i a fact zero. In another instance, why 
specify that work at time 2 depends upon family attitudes at time 1, 

— » 

and conversely §iat family at time 2 depends upon work at time 1 ? 
Why npt instead specify that work afid family i\ time 2 are reciprocal 
caus?5 ofjeach other? In this case, there is no statistical test to 
fall back upon. To permit both sets of effects creates an underiden- 
tified model, which has no unique solution. Thusj one must choose -betwee 
models on the basis of one's knowledge about , the subject matter, or the 
analytic purpose of the model (see Wolfle, 1980a, pp. 203-204). To the' 
extent that the reader finds these choices implausible, thus will the 
results be implausible (regardless of the method of estimation). In my 
view, the advantage of path diagrams and analyses of structural models is 
that their presentation requires a degree of explicitness which allows 
readers to decide for themselves how plausible or implausible are the 
models. 

In essence, all' we have considered so far in this discussion of the 
structural model are the two matrices of regression effects, gamma and 
beta. There are two further matrices to consider, phi and psi. Phi is 
the symmetrical variance-covariance matrix among the three exogenous 
factors; this matrix will have five unknown parameters to be estimated — 
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three covariances, and the variances of the socioeconomic and ability 
factors. Here, sex is shovyn to be a^manifest variable, hence its variance 
is known a priori^ . Psi is the variance-covariance mati^ix among the four 
C^- (i = 1 . . .-4). In an initial estimation, this matrix is assumed to 
be .a diagonal matrix, injplying that none of .the residual terms are*" 
correlated. Later applications will relax this assumption. 
These relationships may be expressed algebraica.l If: 

^2 - Y2l5l + Y22^2 ^ Y23^3 + ?2 

03 =■ 33ini.+ 33202 + C3 ' ' i ■ ' ' 

y \ . , ■ . 

ni+ = 0^101 + 31+202 t Cit • . 

Rearranging the equations so that all of the eta variables are .to the 
left of the equality, allows the expression of this set of equations in 
rfiatrix notation: - • • j 



0 = T 5 + C , 



> 03 J 


O1+), . c' 




> ?2 > 


such 


that: 






"1.0 


0 


0 


0 


0 


1.0 


0 


0 


■^31 


■^32 


1.0 


<. 0 


-641 


-3i+2 


0 


1.0 



= ^2, C3).' 



r is a 4x3 matrix such that: 



r = 





Y12 


Yl3 


T21 


Y22 


Y23 


0 


0. 


0 


"0 


0 


0 



Furthemore.-let r= diag(.^i, ,^2. ^3,^^^^)* and: 



•^31 



<^32 

0 



^^33 



in which a., denotes the .variance' of 5^. , dn6 <f.^ (j k) denotes the 

covariance -between I . and 5.; ' ' V " 

\ - ' - _ ■ 

Estimation of the '^ree parameters ^f these; matrices in LJSREL' requires 

that'the user specify ftr each element in, each matrix' whether the element 

is free (a value to be estimated by the program), or fixed,. If the ' 

latter, the us6r has to specify the fixed lvalue. For example, the [ 

diagonal of 0 is to be fixed at*Unity, but other el^ements of &■ and some, 

in r are to be fixed at zero. Furthermore, 022 is to be fixed'^^qual to^ • * 

the variance of the manifest variable, sex. 



THE MEASUREMENT MODEL 



In the structural portion 9^ the model ,-^e! vectors^^n and 5 are not 
■observed, but y' (y^ . . . y^^) and x' = (x^ . . . Xg) are observed, such r 



that: 



y = n + e 



17 



and 



in vJhich e and* 



6 are vectors of-ejcrprs^f measurement in y and x, 
respectively. These error?-^ of measurement represent both specific and 
random components of variatipn (Alwin and Jackson, 1979). The vectors 
e and 6 are assumed to be urtcorrelated with n, C, and c, but may have • 
elements internal to each which are correlated to ,-oth'er elements of the 
same vector. (LISREL' does not permit elements i^t e to be correlated with 
elements in 6, but thi.s is easily overcome by specifying all of the 
variables to be, endogenous.) The matrices a (12x4) and a (8x3) 
are regression matrices. - . • ' x 

In this analysis, .^cioeconomic status of tH4 respondent's family 

^'Of origin is indexed by father's' occiJational status, father's educational 

attainment, and mother' s educationaJr'attainment. These manifest indicators 

■ -weVe taken from the NLS data file, .724,68, 'Vl'6 27, and V1628, respectively 

(see Levinsohn, et a'l., 1978); these measures were composite variables- of 

■ . the father's Duncan (1961) socioeconomic intl^x,* and ,:father's and mother's 

Education. This model specifies that thke three variables'have' a common 

cause, assumed to b^famil ial socioeconomic status. The model is not 

-^"T^erministic, however, and assumes that the underlying factor does not 

--ompll^ely determine the pbierved variation in the three manifest ' ' 

^' ■■ ■ . ■ 

variables; this specific4tipn is .represented by the three 5. (i = 1, 2, 3). 

■ '. i ■ <^ ■ , T . . • • 

These error terms have been loosely called errors of measurement" but in 

i ■ * ' 

Jact contain both rando^^nd specific errors of prediction fr^om the 




underlying factor. 



1 ^ 



A;lwin and Jackson (1979) have 'discussed the several measurement 
models that are applicable to such models. There is therefore no need tq 
go ipta'such a discussion, in detail. A brief review, however, will 
sensitize us to assumptions being macfe about the models of measurement. 
Consider thenhree equations from socioeconomic status: 
' ' ^ \. ■ ■• 

I X2 '= A2i5i + e2 + U2 ' ' \ ' >".. 

' ■ i; 7 , " ■ 

■ A3i5i + 63 +■. 1(3 ' 

in which the x. are the three^ani fest variables specified above; are 

regression Coefficients; ^1 is a later^ factor of socioeconomic status; 

e^. are random components of .error; and u^. are -components of error specific 

to .each mani f est variable. In practice, the e. and u. are inseparable; 

aM one is able, to estimate are the 5. = e. + u. " 

1 11 



A metric for 5i is imposed settling An, = 1.0; as a\result the ; 
X.-^ have arbitrary levels, but regardl&ss of wllich^one of the A-^ are 
specified to be unity, the ratio of the A.^ to each other^ will be 
constant. If the equations abo^e are squared, and expectations taken,, . 
one obtains : , . - ' . . 

al = al + a2 +--ci2 ' . ' * 

J Xi 5i ei ui , 

This is called a common-factor measures model; for each manifest variable 
there exists a component of error that is^due to random error, and a 



;component specific to each manifest variable. LiSREL* assumes as the moit 
'general case the common-factor model , which is not a classical true-score 
model. Therefore; if orie wants to interpret -the coefficients in terms of 
classical true-score theory, one has to make restrictive assumptions 
about the nature of the error term. Joresko^ (1971) wed /the common- • 
factor model to classical true-scqre theory by defining the ejongeneric- 
measures model. In luch a model, each, of the manifest variables, x., 

•3- ' ^ 



IS assumedto have a separate true score, 5^ whichiare perfectly <• 
correlated with each other, with the jpiplication that a random variab,le', 
exists such that all of the . are linearly related to it: 

II ^ 

>J . ■ , ' > ■ ■ 

' ^li = ^^i ^ ^i^i • - ■ ■ 

By making .the further assumption that the errors across measures are 
entirely random (i.e., ,u^. = 0), and because x. = 5^. .+ e., it folVows 
that: ' * ^ 

X. = u. V x.c^ Ve. . V. ; - ^ - 

If these. three equations ape squared, and expectations taken, one obtains: 



^x 
. Xl 


= 1. * 


a2 
ei ■• 


^x 




+ a2 


X3 




63 



Alwin and Jackson (1979) suggest that it is difficult to imagine a lament 
factor so pure that al 1 variation .between its manifest indicators is due 
to the factor alone. The congeneric measures model is thus an ideal to 
be sought after (Bohrnstedt and Borgatta, 1980). As we will see below, 



"the model being discussed, in this paper exhibits some congeneric 
constructs, but' others definitely fall short of the ideal. 

If one is willing to make a further restriction in the measurement 
rrodel, namely that = X21 = ^31, the model becomes: 

^1 ?1 ei ,. . ^ 

^2 5l 62 

which is called a tau-equiyalent measures model. The LISREL prograni 
allows users to specify, i/i addition to fixed and free parameters, para- 
meters that ar& equivalent. Thus the tau^equi valent model may be 
estimated by specifying Xh = H\ - ^31 . on the assumption that u. = 0, 
which implies' that a. - = 0 for all i 9* j. 

, . Finally, by specifying not .only that u.. = 0, and that \^^.^ \^^'^ \^^, 

ei 62 ea 

^ ' J 



• ■ - h 

but in addition that ^ = a^^ , one obtains the parallel measures 

model : - • • j 



Xi . 5i e 



a2 = a2 + a2 
X2 ' 5i e 



X3 . e 



•This is the most restrictive, least seldom seen in application, of the 
measurement models. "v. 

Of these models, this analysis assumes that father's occupational 
status, fatjier's' education, and mother's education are congeneric measures 



ERIC ^ 



• . - 16 

of socioeconomic "Status. This assumption implies that u. (i = 1, 2, 3) = 0 
pat is, the only error of prediction is random. A test of this assump- 
tion is possible to the extent that the overidentifying restrictions .n the' 
measurement model may be relaxed by permitting ,covariance parameters 
- among measurement error terms to be free parameters in the model. 

,.-A second exogenous variable, sex, is included, not as a latent, 
factor, but as a single manifest variable. This variable is aifcomposite 
.measure of sex (V1626) taken from the NLS data file (Levinsc^n, et al., 
1978). It is incorporated into the LISREL model by' specifying: 

^4 ,~ ^2 > ' ' , . ,. 

that is, Xi,2,= 1.0, and 6i, • y 

Several abil.ity subtests were administered to the NUS respondents 
during their senior year of high school. Four of these, reading, (V61 8) , 
letter groups (V619), vocabulary (V614), and math (V620), are assumed ^ 
to be congeneric measures of -a -latent ability factor. 

The" measures of the endogenous latent factors ,, work and family, have 
been describ^d above. Here we adopt, a common- factor measures model , 
becau^se it-seeAis unl ikely t1iat the^u--=-Qv^ince errors of measurement 
of a particular attitude at tm^ 1 are 1 ikeliHo be correlated with / 
the corresponding errors at time 2. ^\ 

• The measurement portion of the model is" defined by 20 equations, 
relating each of the 20 manifest variables to its respective latent factor. 
These have been omitted here; the measurement model is more easily^ 
represented in matrix notation. For the exogenous variables, the • 
appropriate equation is:. 



\ 
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in which x' =" (x^, . . , , Xg) , = (Ci, C2. §3), 5' = i^i 
and \ 



1,0 


0. 


0 


A21 


0 


0 




0 


0 


0 


1.0 


0 


0 


0 


1.0 


0 


0 


-^63 


0 




-^73 


0 


0 


-^83 



» "So) , 



^Furthermore, let 0^ be the symmetrical variance-covariance matrix among 
the &j (t = 1 . . ."8). Initially, this matrix is assumed^to be diagonal 
(all off-diagonal elements are fixed at zero) with- the further specifica- 



tion that 0- = *0.' \ 

01*1+ ' . - .... 

- For the endogenous variables, the measurement model is defined by: 

y =. A^n + £ 

in which y' = {y^ . . , , y^^)' C^i' ^2. ng, nj, e' = (si, . . . ? £12) 
and - 
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1.0 
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0 
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0 


0 


'^31 


0 


.0 


0 


0 


1 .0 


0 


0 


0 




0 


0 


0 
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0 


0 


0 


1 .0 


0 


0 


0 


0 J 


0 


n 


u 


■^93 


A 

u 


0 


0 


0 


1.0 


0 


0 


0 




0 


0 


0 





Furthermore, -let. be the symmetrical yariance-covariance matrix among 
the e^. (i. ,= 1 . . . 12). Initially, this matrix is assumed to be diagonal. 

This completes the definition of the initial LISREL model. Below 
we will consider certain alterations of the model, some to be made on 
practical grounds, some to be made on the basis of more theoretically 
oriented concerns. 

IDENTIFICATION OF THE MODEL ' 

Before the model is estimated, the identification problem must be 
examined. In the first case, an equation such as:- 

X = A^e +5 

cannot be directly estimated,' since everything on the right side of the 

■ ■■ ' ^ ^ 
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equation is unobserved. Thus, the covariance structure of the observed 
variables is analyzed'in terms of the postulated causal structure. If 
the equation above is mul tipl ied. by x' , and expectations taken, one 
obtains the variance-covariance matrix of xc 



E(xx') - E[(A r + .)(A . 4- 5)'] 



^ ^X ^5 



In a more complicated way, the variance-covariance matrix of y, and the 
covariance matrix, z^^, may be derived (see, for example. Long, 1976). 

Analysis of th^ model in terms of covariance^' structures does not, 
however, resolve the identification problem. The model will be under- 
identified unless certain contraints are mad6. Specifically, there must" 
be fewer free parameters than there are elements in the lo\l«^r triangi;^^^ 
of the observed variance-covariance matrix, including' the diagonal. 
If there are t free parameters, then: 

t < ('-5)(p + q)(p + q + 1) . . 
In this, model, p = 12 and q = 8; thus t must be less than 210. As 
specified above for the structural portion of the model, there are 4 
free parameters in 6. 6 in r, 5 in f, and 4 in >f. In the measurement 
portion of the model, there are 8 free parameters in A , 5 in A , " 

-y ~x 

12 in 9^, and 7 in 9^. Thus, t.= 51, which is clearly less than 210. 
Unfortunately, this condition is necessary, buj not sufficient, for 
identification. 

In addition, each and every equation in the model must be identified. 
In the measurement portion of the model, this maj^ be accomplished by 
setting one element in each column of the two A matrices to some fixed 
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value, usually 1.0. This becomes the reference indicator, and server to 
provide a metric for the" underlyi ng factor. ;One may alternatively fix 
the variance of the underlying factor; this is conmonly set to'^unity when 
analyzing standard! zed-sol ution models. Notice, however, that this. 1s 
ccssible only for the exogenous factors in the i matrix. The variances 
of the n factors may not' be fixed. Thus, reference indicators must be 
specified for the endogenous factors even when analyzing a correlation 
matrix. In each column of A and a there must also be opp fpwer zerc^ 

~A ^y 

than there are n and m factors respectively. Examination of A and a 
reveals that there is |M.O in every column, and at least 2- zeros in each 



column of and 3 2e«|i|^9ach column of A Satisfaction of, these rules 
is still only a necessary condition for identification. 

The structural portion of the model must also be internally: 
identified. This means that excess 'degrees of freedom in the measurement 
model may not be used to identify an underidenti fled structural model. 
In this case there are {H)im + n) (m + n + 1 ) = 28 variances and covariances 
in the structural model, and 19 free parameters; thus the structural 
model satisfies the counting rule for identification. Unfortunately, 
it is often difficult to determine if every parameter is estimable, and 

exists no general set 'of rules that applies to every model. Rules 
have been developed for certain types of models (see references in Joreskog 
and Sorbom, 1978, p. 10), but the solutions are often tedious. 

Users of LISREL should be aware that the program does provide 
solutions for underidentified models. Underidentification simply means 
that there fs no unique solution to the model; the LISREL program simply 
stops when it finds one of the solutions. Use different starting values, 
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and one would obtain another solution. This foible of LISREL has caught 
at least one author unawares, who published his substantive Interpretatlo 
of an underldentlfled model. Fortunately, LISREL does provide a check 
for Identification. The Iterative subprogram that calculates the 
, standard errors of the estimates bpglns by calculating the Information 
matrix for all the Independent unknown parameters. 

If this matrix Is positive definite It Is almost certain that 
the model Is Identified. On the other hand. If the Informati/n 
, ■ matrix Is singular, the model 1s not Identified and the 
following message will be printed 

THE n-TH FREE PARAMETER MAY NOT BE IDENTIFIED,. 
This is a strong indication that the n-th free parameter in the 
pattern vector is not identified. The n-th parameter is usually 
the last parameter in a group of parameters connected in an 
Indeterminacy (Joreskog and Sorbom, 1978, p. 11). ^ 

As a result. It is recommended that one always request on the program's 
output parameter card that the standard errors be calculated and ' 
printed. Publishing these standard errors is in good taste, and ^ 
should also be encouraged. ^ 

ESTIMATION AND TESTING 

The independent parameters in the model are estimated by the method 
of maximum likelihood estimation as described by Gruvaeus. and Joreskog 
(1970). This method assumes the distribution of (y', x') is multivariate 
normal; the loss of efficiency by violations of this^assumption has not 
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yet been established. The estimation problem Is essentially that of 
fitting the varlance-covarlance matrix Imposed by the model to the sample 
varlance-covarlance matrix. A fitting function (see J'dreskog and SOrbom, 
1978, p. 13) Is minimized by uslng^ first and second order derivatives, 
and converges rapidly from most arbitrary starting points. If there 
are several local minima of the fitting function, however, there Is, 
no guarantee that the method wllllPnvterge to the absolute minimum. 
Users are well advised to reestlmate models with different starting 
values In case the program has converged to a local minimum of the 
fitting funcatlon. 

When the maximum likelihood estimates of the parameters have been 

obtained, a X -measure (as distinguished from X^, which is the sampling 

2 

distribution to which X is compared) of overall goodness-of-fit of the 
model is calculated. This statistic may be regarded as a test of the 
specific model against the most general alternative that the estimated 
varlance-covarlance matrix is any positive definite matrix.- The likeli- 
hood ratio X statistic is { N/2) Fq , where Fq is the minimum value of, 
.the fitting function, and N is ^the sample size. In large samples this 
stat'is|ic is distributed as with degrees of freedom: 

df = (Ji){p + q){p + q + 1) - t , 
where t is the number of independent parameters. This test tells if the 
model fits or does not fit, but if the latter cannot tell where the 
model does not fit. . 

The likelihood ratio X*^ statistic is sensitive to even small 
deviations from perfect fit. Pai^ticularly when the sample size is large. 
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It is coninon to find large, or even very large', values of relative to 

the degrees of freedom. When the sample size is large, one common rule 

of thumb is to adopt as appropriate a model in which X^/df is less than 5. 

Another alternative is to fit a more restrictive model against a 

less restrictive model, and to compare the resulting two X^ measures. 

The difference between the two likelihood ratio X^ measures is distributed. 

approximately as with degrees of freedom equal to the difference in the 

number of independent parameters in the two models. If there is a large 
2 

drop in X from one model to the other relative , to the difference' in 

w 

degrees of freedom, then the changes made in the second model represent 
a real improvement in fit. These procedures will be illustrated below; 
Bentler and Bonett (1980) have investigated significance testing in 
models such as these. ' 

Sometimes changes In models can be suggested* on the basis of logic. 
For example, the model under consideration in this paper postulates no 
direct effects from the three exogenous factors to work and family 
attitudes at time 2. If the initial model, does not fit, perhaps it 
would be wise- to relax this restrictive assumption, and see if the new 
model produces a real improvement in the fit. In the measurement portion 
of this model , the initial model as specified assumes that the errors of 
measurement for work and family attitudes are uncorrected from time 1 
to time 2. However, it is often the case th^t such errors of measurement 
are correlated. Accordingly, a new model may be estimated with these ■ 
covariances included as free parameters. The difference in X^ measures 
would tell us whether the errors of measurement were in fact correlated. 
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At other times, changes In the model may be suggested by an Inspec- 
tion of the first-order derivatives of the fitting function with respect 
to the fixed parameters. This table Is available In LISREL, and Ht Is a 
good practice to request Its printing. Sdrbom (1975). has published a 
useful example describing how the procedure works In practl-ce. One may 
want to relax the restriction In thelmodel which Is least probably zero. 
The table of first-order derivatives s ug^ests wh 1 ch fixed paramete/ If 
set free will give the largest decrease In t)»ie fitting function. If 
doing so does not violate the logic of the /causal structure, one should 
find the fixed parameter whose absolute value of Its first-order derivative 

Is the greatest. A new model Is then fitted with the restriction removed, 
2 

and the X measures from the two models compared to see 1f the less 
restrictive model provides a significant Improvement in fit. In any 
event, it Is wise to keep in mind Joreskog's advice, "Ultimately the 
criteria for goodness of the model depends on the usefulness of)it and 
the results it produces (Joreskog, 1969, p. 201)." V 

THE DATA , 

Data for the model depicted in Figure 1 were obtained from the 
National Longitudinal Study of the High School Class of 1972 (Levinsohn, 
et al., 1978). The NLS was designed to provide data^ on the development ^ 
of the educational, vocational, and personal aspects of the, lives of 
adolescents as they make the transition from high school to the adult 
world. The population analyzed here includes only those white respond- . 
ents who completed the study's ability tests'in their senior year of 
high school. There were 12,844 such respondents. From this group. 
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a random subsample was selected, and correlations calculated for all 
those with llstwise present data. The analysis to be described below 
was therefore baied on 751 white respondents. The correlations and 
standard\|^v1at1ons for the 20 variables are shown In the appendix. 

FITTING THE MODEL 

Because LISREL Is an heratlve program, It must be provided with 
starting values for all of the elements In every matrix not defined to 
be either an Identity matrix or a zero matrix. The default value 
assumed by the program Is zero, so only those starting values for 
non-zero fixed parameters, and free parameters need be specified. 
These starting values may be chosen arbitrarily, but must In the first 
Iteration produce an estimated varlance-covarlance matrix which is 
positive definite. If this does not hold, the program, terminates 
abnormally. 

Selecting appropriate starting values is not always easy. Because 
the correlation coefficients of one variable with two! other variables 
restrict the range of the correlation^coefficient of the second and 
third variables, it is possible to generate estimated correlations or 
covariances in the first iteration which are ir}ternally inconsistent. 
Indeed, with the model at hand several different sets of starting 
values were required before, the program would run. It is a good idea 
to create simple summated factors of the variables in the analysis, and 
use OLS regression to estimate appropriate starting values of LISREL. 
Not only does this help avoid the problem of producing a nonpositlVe 
matrix, but it reduces the computer time of LISREL by prov^i^ing it 
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starting values more likely to be close to those 1n the final solution. 
($y the way, a, mistake, I, find myself repeating 1s to forget that 
elements In^l^re reve»!.*ed ,\n Sign,) 

We will now turn tne presentation of results for the model \ 
described above. Sunmary'goodness-of-flt statistics will be presented 
for a number of speclflcatlehs. .When a model Is found deemed to be 
, best. Its parameter estimates will be discussed In substantive terms. 
- The summary measures of^goodnes^-of-f1t are shown In Table 1. 
Model A of Table 1 assumes errors of measurement are entirely random, 
and Imposes a causal structure 'among the latent factors as shown In 
Figure 1. The likelihood ratio value for this model Is 715.29 with 
159 degrees of freedom. At f1rst«,blush, this value suggests the model 
does not fit the data very well, but there Is more wrong with this 
model than a mere lack of fit. An e^<am1nat1on of the LISREL estimates 
(not shown here) reveals that the res'ldual variance- for family at time 
2 Is a negative number. This occurrence, all too frequent. Is known as 
the Heywood Case (aprocryphal ly after the Rev.'. Christopher Heywood, who 
kept coming up with a negative number of .angels who ^ould -stand on the 
head of a . pin). Variance estimates zero Or greater are logically 
permissable; negative values are^npt. It Is entirely possible, however, 
as In this case, for maximum likelihood estimates to converge at a value 
less than zero. The standard fix for the Heywood Ciise is to constrain 
the offending variance to zero,, pr a small positive number. In this 
Instance, ^i^i^ was set to zero, and the* model reestimated. Substantively, 
this means that family attitude at time 2 is assij!ned''^^be perfectly 
predicted by some linear combination of family any-;,worV-3ttitudes at 
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T«bl9 1, Qoodness-of-Fft Statistics for Models of Oevelopmint and 
Stability of Attitudes toward Work and Family 



Model 



X^. . d.f. Prob. AX 



2 



7 



d,f. Prob. 



A. Random errors 

Random errors; t/^^^-O 

Randonj errors t/^i^i^ =« o; 
1//21 free 

D. Random errors; ij^i^i^ « 0; 
*2i» Y33 f^^ee 

Random errors; i/^^^^O; 
*2i» *^3• r free 

F. Covarlance between work 
and family errors time 



715.29 159 

744.81 160 

ft 

733.97 159 

731.02 158 

728.00 152 



0.0 

0.0 V 

0.0 10.84 



0.0 



0.0 



2.95 



5.97» 



.001 



.086 



.543 





1 and time 2; 
i|/2i free 


» 0; 


333.85 


153 


0.0 


40ail2 


6 


0.0 


G. 


Model F, with 0 

£31 


free 


321.57 


152 


0.0 


12.28 


1 


.001 


H? 


Model G, with 0 

£76 


free 


315.13 


151 


0.0 


6.44 


1 


.011 


I. 


Model H, with 0 

em 


free 


313.04 


150 


0.0 


2.09 


1 


.148 
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tliiw 1, Th^ new result 1s shown 'in Model B of Table 1. By setting 
one degree qf freedom has be^n gi^lned,' and the likelihood ratio U 
744. ai with 1^0 degrees of freedom, All of the LISREL estliiiates In the 
new model are logical 1^ permlssable, but th^^X^ value suggests a poorly 
fitting model. How should the model ba. changed to see If a better 
fitting model Isujosslble? One reasonable strategy, suggested by Konny 
(1979, p. 161), h to fit a' Just-Identified structural model. Any lack 
ofVit oT^the mil to the correlations could therefore be attributed to 
spedfiyal^on pntOrs In the measurement model. This was done In stages. 

An examlSfljon of the first-order derivatives among the structural 
matrices produced^^ by .Model B suggested that the covariation between 
Ci and Qzp 'Q'fy3/\)\3i^ the value most likely not to be zero. In 
substantias terms^ t?h1s Indicates, that the three exogenous factors have 
not expired alT ofHhe covariation between family attitudes aijd work 
att1tud/s at t1m|,.^ It Is likely that the multiple partial correlation 
between WORK73 «j|id FAMILY73 Is nonzero. PermltUhg this' parameter, to be 
freely , estimated In a new model. Model C, provides a significant Improve- 
ment r« I5|^1t of the model; the r value Is 73r3i97 with 159 degrees of 
freedom. Tl^e difference between the r measures -for Models B and C is 
10.84, which is distributed as with one degree of freedom; the value 
is significant. V 

An examination of the table of first-order derivatives from Model C 
revealed that, among the fixed structural coefficients, Y33 was the new 
value most likely not to be zero. This is the direct effect of ability 
on work. at time 2. Model D was estimated with this value set free, but 
the improvement of fit between Model C and Model D was not significant. 
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Model E was estliMted (as sugtjisited by Kenny. 1979) with tha structural 
portion of the (iiodel completely Identified, These rt^sults reveal two 
Hems of Interest. \'\v%t, the i'^ vnlue of 728.00 suaqest^ d tievere 
lack of fit, but because the structural model "Is completely Identified 
(save for • 0) we now know that the lack of fit mlist be In the 
measurement portion of the model. Second, comparing the X"^ measures of - 
Model E with Model C reveals that the seven, additional parameters set- 
free In Model E do not yield a significant Improvement in fit. That is. 
the seven additional parameters differ from zero only as a matter of 
chance. Thus, our initial postulation that the background factors do 
not directly Influence work and family attitudes at time 2 Is confirmed. 
Furthermore, the covariance between work and family attitudes at time 2 
is almost completely explained by the previous expression of these 
attitudes. The only change we have made in the structural portion of "the . 
model is to allow the residuals of work and family at time 1 to covary; 
this merely represents the Inability of the three exogenous factors to 
completely explain their covariation. 

Model C represents the best fitting of the structural models, but it 
must be admitted that it does not fit very well. The model assumes that 
errors of measurement are random, but the model's lack of fit suggests 
that the assumption Is not tenable. The model contains the same variables 
measured at two different times. It 1s well known that when the same 
measuring Instrument 1s used at two or more occasions, there 1s a 
tendency for the errors in each variable to covary over time because of 
memory or other re- test effects. Accordingly, Model F was estimated with 
the errors for each of the three work manifest variables allowed to covary 
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with th« equivalent ^mm far the qMestloris repeated at time ii the 
equivalent parameters were alio set fHo for family attitudes, \coinpar- 
Hon of the fit of thli iiiodel will be made to that of Model C, 
Model C was the accepted structural model. The difference In (iiea*ures 
was 400,12 with 6 degrees of freedom. This Is a major 1mprovemenl| In 
fit, and suggests that we ware well advised to consider the possibility 
of correlated errors over time, \ 

It 1s still possible, of course, for there to be other sources of 
covariation among the errors of measurement. For example, responder)ts 
who express a desire for being successful In work may systematically \ 
overldentify that response with the desire to have money. Thus, the 
errors of measurement for these two questions will covary to the extent 
that the underlying factor Is unable to explain the covariation between 
the manifest Indicators. The cholc^e of example was prophetic. An 
examination of the first-order derivatives of the fixed parameters in 
Model F revealed 0 was the value most likely not to be zero; this is 
the covariation between the questions at. time 1 about being successful 
in work and being able to find steady work. Model G was estimated with 
this new parameter set free. The difference in measures between Model 
F and Model G was 12.28 with one degree of freedom— a significant 
improvement in fit. ' 

The process continued. The first-order derivatives for Model G 
were examined with the result that 0 was discovered to be the value 
most likely not to be zero. This is the covariation between the errors 
for the question about moving away from one's family, asked at time 1, 
and the question about being successful in one's work, asked at time 2. 
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4t «iiu)th«r tlincj. If I hrtti l)«*an (mdbitt to construct a plauslbU tixoUn- 
dtlon, I wouM not have eatlindted Motlel M, which allowed this pdrdinetdr 
to be free. Thli decision obviously went beyond the iitntHtlcdl 
Infonri^^tlon available (see BIdlook. Wn, p. 44»)), .ind reflects my btifl«f 
th<it no model may be ^ald to fit. which produces un1nterpret.ibl« r«solt%, 

^iPdel M, when comp^^red to Modal G, suoyests ii significant Improva- • 
ment In fit. An examination of the first-order derivatives from Model 11' 
revealed o was- the value most likely not to be zero.' Model I was 

•♦I 

therefore estimated with this parameter set free, but the Improvement of- 
fit over that of Model H was not significant. Thus. Model H Is accepted 
as the best fitting model to explain both the structural and measurement 
properties of a model of, the development, and stability of attitudes 
toward work and family. 

EMPIRICAL RESULTS . 

This section presents the results from the measurement and structural 
analysis of Model H. The measurement properties will be discussed first. 
These results are shown In Table 2, and mirror the LISREL solutions 
reproduced in the appendix, which also contains the LISREL program set 
up used to generate the parameter estimates. Mble 2 contains the 
parameter est^4j^j^|s for the true score var1ances\error variances, and 
the slopes of the manifest variables as regressed on the latent factors. 
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** Variable labels from Levensohn, et a1. (1978). 
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(adr'dskuij, wh«*re V|j diui a| ard a% orevloualy defined/ and <n' 

the i»sclnidtt*d ei'ror varl«iru:« ( fr oiir tsi ther- thu ur o i-iafrlO of the 
l"th MWhIfon h^dlcfttor. rhi^ie two oxpr«-i-»lc.rH <,r« .il.jutiiMhally ^qufv.r 
l«nt, and in either mert^ure an Indi.Mtor'-i reH<it)i)1ty as thrj proiwr- 
tlon of Us expected v.irMnc« dm to th« vdrlrtnce of corre^ipondhui 
Idtfint factor, or trua score. 

The estliiuited relLibjlity coeff Iditnts for work and rrtiiilly .ittltudtis 
are very low. We havo .ilready saon thdt th« iiiwanurfifmu^^t «rror-i conLilruid 
unique components that were correlated from one i>dnilnl>itr,itlon of th«' 
survey to the next. We now see that there are also rather large random 
errors associated with these variables. There is. of course, some 
variance explained among the manifest indicators by the latent true 
scores, and to that extent there do seem to be' underlying factors which 
measure one's general attitudes toward work and family. Insofar as 
measuring these constructs is concerned, however, these manifest variables 
do not do a very adequate job. ,,Most of the variance In the manifest indi- 
cators is explained by errors of meas^urement, both unique and random. 
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im}3:^.C rdlMt>id lfUl!4 4ti>r *)r sum loci iHUimh iti^tu^ji f h U leauU iMfH^<HC:i 
4 simlUt" aiialyiH f<^|UMr«i1 by Wolfle nrU) Kut^drr::h;iw (hJnl). AHK>ri^ fhc 
IriilUittUfii uf abllHy, th» r^atHjUj aiul math ^julitci:* ( ^ 41 e miu « reliable? 
Mmii the lett«r~ijfOu|) vot dbuUt y ^ubits^l^^ !h!^ ret;uh 4 Uo U 
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tow»irtl work iirn cOfn Mi^rrnl. tr nmy h« sedn th/it tho df ffst t of soi lo- * 
ejconomtt %t»ittj$ i% nof 1 1 grH fl Citnt . Ihi} viirUbU, Mtx, w^i^ rotldd I - malt? 
4nd 2 ^ fi^m^le; thorofure th<» neq.itlvt* conff Icifint <nd)(:at«?s that wonmn 
consider work values \^%', Important than do mon, cMti?rt% paribus, Ihi* 
effect of abll Uy is negative; that is, the greater one's score on the 
ability factor, the less importance is attached to work values. Attitudes 
toward fami ly . val ues are also negatively i nf 1 uenced, by ability and socio- 
economic status. Women, however, place more Importance on family values 
than do men. These exoqenous variables explain about one-fourth of the 
variance in work and family attitudes^ but do not contribute to the 
further measurement of these variables once previous measures of the, .same 
attitudes have been controlled for. Both work attitudes and family attitudes 



Tajble 3. Model H Structural Parameter Estimates 



Dependent 
Factors 



Independent Factors 



Socioeconomic 
Status 



Sex 



Ability Work 73 



Family 73 



Proportion 

Explained 

Variance 



Standardized Coefficients 



Work 73 
Family 73 
Work 74 
Fami ly 74 

Work 73 
Family 73 
Work 74 
Family 74 



.052 
.249 



-.000 
(.001) 

-.002 
(.001) 



.350 
.241 



.276 
.255 



.780 
.053 



Unstandardlzed Coefficients* 



-.094 
(.020) 

.066 
(.022) 



-.005 
(.001) 

-.005 
(.001) 



1.124 
(.213) 

.074 
(.159) 



.046 
.978 



.065 
(.105) 

1.329 
(.255) 



.22 
.26 
.65 
1.00 



* Standard errors shown in parentheses. 



are relatively stable variables (that is, the latent factors, not their 
manifest indicators); the correlation between the work factors implied by 
this analysis is .799, and the correlation between family factors over 
time is .999 — a very stabTe construct, indeed. 

,) . 

CONCLUSION 

m 

Previous introductory discussions of LISREL (e.g., Joreskog, 1974; 
Long, 1976; Joreskog and S'drbom, 1978) have produced a number of examples 
covering a range of possible applications, but "none have gone into the 
development and estimation of a single model to the extent rendered 
here. The lengthy specification of a single model may have seemed 
tedious to some; I hope it pro\|ps useful to others. 

I would like to close with some reflections on the utility of 
LISREL. Kerlinger (1977) has said that we are in the midst of a revolu- 
tion in research thinking, and cited LISREL by way of example. A year 
later Cooley (1978) reminded us that knowing one's subject matter is 
very much more important than using any particular set of methodological 
tools. Using LISREL is an aid to thinking about and analyzing some 
complex causal hiodels, but like many new analytic techniques runs the 
risk of being faddishly adopted to implausible applications. Using 
LISREL presumes one has multiple indicators of underlying variables which 
are of theoretical interest. This means that one knows beforehand which 
indices accurately measure variables of theoretical interest; or that one 
has obtained alternative measures of underlying traits. This may mean 
conducting panel surveys as reported in this paper, or using alternative 
means of collecting data at one point in time (e.g., mailed questionnaires, 
telephone surveys, and personal interviews). In any event, the collection 
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of such data is likely to be expensive. In other words, like Leontief s' 
input-output charts of the economy, LISREL may not simply be used in 
place of OLS regression or exploratory factor analysis, but requires 
changes in. the data collection process, and the way researchers think 
about their analyses. Such changes will not come easily or cheaply, and 
we are li-kel^y to see implausible and incorrect analyses using LISREL 
along the way. Yet in the long-run, I share Kerlinger's (1977) 
optimism. LISREL provides a synthesis of analytic procedures formerly 
considered disjointly, and in applicable situations will allow the 
analysis of theoretical models not previously estimable. The accumula- 
tion of knowledge of educational relationships will benefit accordingly. 



M006L 



TIMe 



Al 12/27/80 13:04 BRAfiOY 



f 80* 



118 RECS 



VA TECH 



CAUSAL MODELS WITH UNMEASURED VARIABLES:' 'aN INTROOUCTtON TO LISR EL 
OA NI«20 NQ«75l MA»CM 

LA . ■ : • ■■■ . 

•SUCC73* •M0NEY73' 'STEAOTi' •MARRY73' 'ClOSETS' •AWAy73« 
•SUCC74* •M0NEY7«>« •STEAOT't' •MARRY7-%>» •CL0SE7'*' •AW>r74.« 
•FAOCC* •FAEOUC 'MAEOUC 'SEX' 'READING' 'LETTERS' 'VOCAB' 'MATh* 

KM ' ; . ■ 



I.O 
.2960 

.lO'^a 

.0527 
.0040 
.3411 
.1497 
.2014 
.1101 
.0375 
1.0 

.0147 - 
.0328 1 
.OOol - 
-.067o 
.0195 - 
-.1291 
-.0016 
-.0779 
-.039b 
.1049 
-.0715 
-.1500 
-.0110 
-.0566 
-.0721 
-.1411 
-.0069 
-. 1149 
SO 

.4327 
23.3420 
MO NY=1 
PH=SY,F 
FRfcE PS 
FREE PS 
FREE LX 
FREE LY 
FREE BE 
FREE GA 
FREE TE 
FREE TE 
FREE TE 
FREE TE 



• 0 

2207 I 
.0181 
0632 . 
.1386 
0d34 . 
4ol3 . 
1950 . 
0186 . 
0479 . 

.1299 
.0 ■ 
.0297 
-.0161 
.0107 
^.0238 
-.0331 
-.0356 
-.1687 
1044 - 
-.0839 
.0689 
-.066 8 
.0987 
-.043o- 
;0080 
-. 0959 
.0704 



■ V '.^ ■ ■ 'AA V 

.0 . ■ A . 

.12 76 1.0 

1156 .0835 1.0 ■ : ^ • , ' ' « ; 

-.0129 .Oaei .0667 1.0 » J 

1657 .0500 -.0023 .1083 1.0 ' ,' ^ ' y . 

2065 .0363 .0613 -.0949 .2045 1.0"' 
4150 .1244 .0432 .0386 .3426 .3170 1.0 * f 

1230 .3565 .1141 .1193 .1241 .0721 - .1568 I'.O . . 
0981 .0880 .4329 .0818 .0431 .1068 .05il2 .1345?^' 

-.0079 .0386 .0493 .3956 .0443 l^'t 16 -.0215 .0739 

-.0266 -.0784 -.0965 -.0900 -^.0211 -.0259 03 18 -. 1011 

1.0 , ' ; ■ 

-.0987 -.1204 -.1017 -.0058 -.0427 -.042;8 r .08 88 -. 1304 
.5820 1.0 . ■ ' ' ■ > > 

-.0477 -.1032 -.1028 -.0473 -i06l2 -.0725 -.b-^57 -.^1406 
.3202 .5406 1,0 ■ . ■ 

-.1825 .0723 .1053 .0912 -.0328 -.1727 -.1977 .0657 

.0450 -.0510 -.0985 1.0 " ' 

lOoto -.0596 -.1257 .0067 -*0939 -.0925 -.I77'S -. 1487, " 

.187^ .2683 .2330 -.0396 1.0 . ,= 

-.0660 .0010 -.0160 i0513 -.0399 -.1220 -.1447 -.0 322. 

.0990 .1772 .1218 .1212 .5015. L.o'' , 
-.1350 -.0838 -.1121 -.0487 -.1177 -.062'7; -,1532 -.149J 

.1865 .23 73 .2466 .0040 .6306 ,,.4166 1.0 

-.0759 -.06ot) -.1183 .0813 -.0242 r-l!-**^ -.1175 -.,1203 
.163& .2 3 98 .1725 -.13o8 ,,604t .56o6 .5083 1.0 , ' 



57C6 

1.260 
2 NX=8 
R PS=S 
(Ifl) 
(2,1) 
(2f 1) 
(2,1) 
(3,1) 
(1,1) 
(1,1) 
(8,8) 
(7,1) 
(3,1) 



o004 .'♦229 .d294 .5326 .4483 '.6204. .5799 .m-425 .6478. .6201 
1 .99Vt> .5003 9.3054 8.5o83 9.4423,9.220c. ; * 

NE=4 NK=3 LY=FU,FI LX=FU,FI Be'=FU,Fi, GA=Fu;,FI C. ' 
Y,FI TE=SY,F1 TO=SY|Fl " , 
PS(2,2) PS(3,3) ' 



LX(3, 1) 
LY(3,I) 
BE(3,2) 
GA( 1,2) 
TE(2,2) 
TE(9,9) 



LX(o,3) 
LY(5,2) 
Bt(4,l) 
GA( 1,3) 
TE(3,3) 



UX(7,a) 
LY (6,2) 
BE(4,2) 
GA(2,1) 
TE(4V4) 



LX(8,3) 
LY , 3) 

GA(2,21 
TEt5,5)- 



LYI V,3); LY( 11,4) LY (12,4) 



GA( 2,3) 
TE( 6,6) 



t £'( 10 , ro ) TE ( 11 ,1 i ); T E ( 1 2 , i 2 ) 



TE17,7) 



TE(8,2) 'TE(9*3), T£(,10,4) TE(llr5) TE(i2,6) 



* MOO^' TIME 



Al 12/27/80 13:0^ BRANDY 



F 80 



118 RECS 



VA TECh 



FREE tE(7.6) 

FREE TOd.l) TD(2,2) TDJ3,3» TD(5t5) TD(6,<)) TD(7,7) TD(8,a) 
FIX PH<2,2) 

ST i.O LX(l,l) LX(4,2) LXlStS) 
ST 1.0 LY(l,l) LY(4,2) LY(7t3) LYtlO.4) 
. ST .09 ;LXC2tl) 
' ST .OS LX(3,l ) 
ST .70 LXt6,3) 
ST .85 LX(7,3) 
ST 0.90 LX(8f 3) 

ST 1.5 LY(2f I I LY(8,3) , 
ST 2.1 llY(3tl ) LY(9,3) 
ST 1.4 LYt5f2) LY(llt4) 
ST .61 LY(6,2) LY(12f4) 
ST 205.2 PH(l,l) 
ST -.5 PH(2fl) 
ST .250 PH(2f2) 
ST 37.81 PH( 3, 1) 
ST -.18 f»H(3, 2) 
ST 61. I PH(3,3) 
ST .21 PS(ltl) 
.ST .23 PS(2f 2 ) V 
ST .14 PS(3,3 ) 
ST 0 PS(4,4) 
ST .1 Ph(2,l) 
' MA TO 



0 0 0 


0 




0 0 0 


0 


27. 


0 0 0 


0 


0 43. 


0 0 0 


0 


0 0 


0 0 0 


0 


0 0 


HA TE 






» 






.1 






0 .27 






.01 0 . 


27 




0 0 0 


• 


19 



0 0 0 b .37 

0 0 0 0 0 .33 

.01 0 0 0 0 .01 .16 

0 .01 0 0 0 0 0 .29 

0 0 .01 0 0 0 0 0 .18 

0 0 0 .01 0 0 M 0 0 0 .17 

0 0 0 0 .01 0 0 0 0 0 .35 

6 0 0 0 0 .01 0 0 0 0 0 .389 

MA BE 




.15 



.68 



10 0 0 

0 10 0 
-.54 -.05 1 0 
-.06 -.43 0 



1 



ERIC 



.MODEk. TIME AI 12/27/80 13:04 8RAN0Y 



MA 6A 
♦ 

-•007 -.186 -.004 
-•OLI .019 -.004 

0 0 0 
0 0 0 

OU PN MR S6 TV FO SS TO 
// 



F 80 118 ReCS VA TECH 



I ' L I S R E L 1 V 

CAUSAL MODELS WITH UNMEASURED VARIABLES: AN INTRODUCTION TO LISREL 

■ . ■ t ' 

NUMBER OF INPUT VARIABLES 20 
NUMBER OF Y - VARIABLES 12 
^' NUMBER OF VARIABLES 8 

• , ^NUMBER OF ETA - FACTORS 4 
NUMBER OF KSI - FACTORS 3 
NUMBER OF OBSERVATIONS 751 

MODEL SPECIFICATION 



LAMBDA Y 


FULL , FIXED LAMBOA X 


FULL , 


FIXED 


BETA 


FULL . FIXED GAMMA 


FULL » 


FIXED 


PHI 


SYMM.» FREE PSI 


SYMM.. 


FIXED 


THETA EPS 


SYMM*. FIXED THETA DELTA 


SYMM., 


FIXED 




OUTPUT REQUESTED 








MATRIX TO BE ANALYZED 


YES 






TECHNICAL OUTPUT 


NO 






STANDARD ERRORS 


YES 






MATRICES OF T - VALUES 


YES 






CORRELATIONS OF ESTIMATES 


NO 






SIGMA, RESIDUALS. ETC. 


YES 






FACTOR SCORES REGRESSIONS 


NO 






FIRST CADER DERIVATIVES 


YES 






STANDARDIZED SOLUTION 


YES 





ERIC 



.CAUSAL MODELS WITH UNMEASUREO VARIABLES: AN INTRODUCTION TO LISREL 
MATRIX TO 8£ ANALYZED 



SUCC73 

M0NEY73 

STEAD 73 

MARRY73 

CLaSE73, 

ANAy73 

SUCC74 

MONEY 74 

STEAD 74 

MARRY 74 

CL0SE74 

A«AY74 

FAOCC 

FAEOUC 

MAE DUG 

SEX 

READING 
LETTERS 
VOCAB 
MATH. 



Slice 7^ 
0. 137 
0.028 
0.077 
0.0L9 
.0.014 
O.OOl 
0.066 
0.040 
0.051 
0.021 
O.OIL 
0.004 
0.06'2 
, O.Oll 
-O.OOl 
-0.009 
-0.28a 
-0.041 
-0.295 
-0.036* 



MnNPY7^ 

0.326 
0.076 
-0.004 
0.023 
' -0.046 
0. 02 1 
0.163 
0.065 
0.005 
0.018 
-0.046 
-0.396 
-0.008 
-0.019 
-0.048 
-0.445 
-0.327 
-0.235 
-0.505 



MATRIX TO BE ANALYZED 



SUCC74 

M0NEY74 

STEAD 74 

MARRY74 

CL0SE74 

AWAY74 

FAOCC 

FAEDUC 

MAEDUC 

SEX 

READING 
LETTERS , 
VOCAB 
MATH 



• SUCC74 
0.201 
0.057 
0.089 
•> 0.025 
0.013 
0.012 
-0.221 
-0.024 
-0.027 
-0.007 
-0.392 
-0.153 
-0.498 
-0.100 



M0NPY74 



MATRIX TO BE ANALYZED 



FAOCC 
FAEDUC 
MAEDUC 
SEX 

READING 
LETTERS 
VOCAB 
MATH 



VOCAB 
MATH 



FAQCC 



544.849 
17.119 
7.471 
-0.526 
40.705 
19.300 
41.105 
35.211 



FAEDUC 

1.538 
0.691 
-0.032 
3. 146 
1-913 
3.418 
2.736 



MATRIX TO BE ANALYZED 



YQCAB 



89.157 
44.254 



MATH 



MAEDUC 



0.999 
-0.049 
2.167 
1-043 
2.328 
1.590 



0.250 
-0.184 
0.520 
0.019 
-0.631 



86.590 
39.935 
55. ^Ql 
51.853 





MARRY73 




AkAY7^ 


0*360 








0*032 


0. 179 






0*044 


0.022 


0.396 




-0*005 : 


0*022 


0.024 


0.339 


0*045 


0.009 


-0.001 


0.023 


0*077 


^ 0.010 


0.024 


-0.034 


0*144 


0.031 


0.016 


0.013 


0*033 


0.067 


0.032 


0.031 


0*03d 


0.024 


0.177 


0.031 


-0*003 


0*010 


0.019 


0.143 


-0*37i 


-0*774 


-1.418 


-1.224 


-0.075 


-0.064 


-0.08 1 


-0.004 


-0*029 


-0.046 


-0.065 


-0.028 


-0.055 


0.015 


0.033 


Q.027 




w . CO 7 


— U . t JO 


0. 036 


-0.340 


0.004 


-0.086 


0.256 


-0.765 


-0.335 


-0.666 


-0.268 


-0.420 


-0.260 


-0.687 


0.43 7 


STEAD74 


MARRY74 


CLUSE74 


AWAY74 



0.385 










0.114 


0.336 








0.020 


0.040 


0.196 






0.043 


0.020 


0.039 


0.420 




-0.054 


-0.008 


0.020 


0.013 


0.385 


-0.375 


-0.430 


-1.044 


-1.022 


-0.233 


-0.033 


-0.065 


-0.073 


-0.105 


-0.019 


-0.045 


-0.026 


-0.062 


-0.050 


-0.022 


-0.054 


-0,057 


0.015 


0.034 


0.032 


-0.534 


-0.958 


-0.612 


-0.904 


0.398 


-0.649 


-0.719 


-0.122 


-0.314 


0.524 


-0.484 


-0.339 


-0.625 


-0.863 


0.047 


-0.678 


-0.628 


-0.491 


-0.686 


0.403 



LSTTER^ 



73.416 
33.70 5 
44.764 



35.019 



ERIC 



50 



'CAUSA't MODELS WITH UNMEASURED VARIA8LES2 AN INTRODUCTION TO LISREL 



PARAMfiTER SPECIFICATIONS 



LAMBDA Y 





C T A 1 

cTA, I 


CTA •> 

fc^TA 2 


u 


0 


nwnc TIP 


t 




STEAD73 


2 


\ ' 


f:4ARRY73 






CLQSE73 


0 


3 


AWAY73 


0 


4 


SUCC74 


0 


0 


. MONEY 74 


0 


0 


STEA074 


0 


0 


MARRY74 


0 


0 


CL0SE74 


0 


0 


AWAY74 


0 


0 




LAMBDA X 



ERIC 







KSI 


. 1 


KSI 


Z 


KSI 


. 3 


FAQCC 




0 




0 ■ 


0 


FAEOUC 




Q 




U • 






MAEDUC 








0 




0 


SEX 










0 




0 


READING 








0 




0 


LETTERS 




0 




0 , 




11 


VQCAB 




0 " 




0 




12 


MATH 






' 0 • 




0 




13 






0 <T T A 

DcTA 
















ETA 


L 


£IA. 


—2 


E.I A. 


—3 


EQ. 


1 




U 




. u 




Q 


EQ. 


2 




0 




0 ' 




0 


EQ. 


3 




•14 




15 




0 


EQ. 


4 




16 




17 




0 






GAMMA 
















KSI 


-I 


KSI 






-3 


EQ. 


I 




L3 




19 




20 


EQ. 


2 




21 




22 




23 


EQ. 


3 




0 




0 




0 


EQ. 


4 




0 




0 




0 






PHI 
















KSI 


I 


KSI 


2 


Kil , 


„3 


KSI 


L 




24 








KSI 


2 




25 




0 






KSI 


3 




26 




27 




28 






PSI 
















EQ. 


i 


EQ. 


2 




.3 


EQ. 


1 




29 










EQ. 


2 




30 




31 






EQ. 


3 




0 




0 




32 


EQ. 


4' 




0 




0 




0 



ETA 4 
0 
0 
0 
0 



£0^ i 



51 



SUCC73 

HONEY 73 

STEA073 

MAAftY73 

CLQSE73 

AMAV73 

SUCC74 

M0NEY74 

STEAD 7^ 

MARRY 7^ 

CLQSE7'^ 

AWAY74 



SUCC74 

M0N6Y74 

STEA074 

MARRY74 

CL0S674 

AWAY74 



TH6TA 1EPS 
SUCC73 



33 
0 

35 
0 
0 
0 

40 
0 
0 
0 
0 
0 



THETA EPS 
SUCC74 



42 
0 
0 

0 
0 
0 



HQf*EY73, ST^AQ73 t^^imvy^ CLnsP7-^ a>*ay7^ 



34 
0 
0 
0 
0 
0 

43 
0 
0 
0 
0 



MQNEV7A 

44 
0 

0 

0 
0 



36 

0 
0 
0 
0 
Q 
45 
0 
0 
0 



STgAn74 



/ 



46 
0 
0 
0 



37 
0 
0 
0 
0 
0 

47 
0 
0 



MARRY74 



4d 

0 
0 



38 
0 
0 
0 
0 
0 

49 
0 



CLQSP74 



50 
0 



39 
41 
0 
0 
0 
0 
51 



A>iAY74 



52 



THTTA DELTA 



FAOCC 
FAEOUC 
MAEOUC 
SEX 

READING 
LETTERS 
VOCAB 
.MATH 



VOCAa 
MATH 



fAClCC. 



53 
0 
0 
0 
0 
0 
0 
0 

THETA DELTA 

58 
0 



FAgPUC 

54 
0 
0 
0 
0 
0 
0 



MAeaiir. 



MATH 



55 
0 

0 
0 
0 
0 



0 
0 
0 
0 
0 



READING 



56 
0 
0 
0 



LETTFRS 



57 
0 
0 



59 



="9 



CAUSAL MpOSLS WITH UNMEASURED VARI ABLEST AN INTRODUCTION TU LI SREL 



STARTING VALUES 
LAMBDA Y 





6TA I 


ETA 2 


ETA 3 


ETA 4 


SUCC73 


l.OUO 


0.0 


0.0 


u.o 


MONEY 73 


1.500 


0.0 


0.0 


0.0 


STEAD 73 


2.100 


0.,0 


0.0 


0.0 


MARRY73 

CLOSF73 


0.0 
0.0 


1.000 
1.400 


0.0 - 
0.0 


0.0 
0.0 


AWAY 73 . 


, 0.0 


0.610 


0.0 


0.0 


SUCC74 


0.0 


0.0 


1.000 


0.0 


MONEY 74 


0.0 


0.0 


1.500 


0.0 


STEAD 74 


0.0 


0.0 


2.100 


0.0 


MARRY74 


0.0 


0.0 


0.0 


1.000 


CL0SE74 


0.0 


0.0 


0.0 


1.400 


AWAY 7.4 


0.0 


0.0 


0.0 


0.610 



. LAMBDA X 



FAQCC 


.1.000 


FAEDUC 


0.090 


MAEDUC 


0.050 


SEX 


0.0 


READING 


0.0 


LETTERS 


0.0 


VGCAB 


0.0 


MATH 


0.0 



BETA 





KSI I 


0.0 


0.0 


0.0 


0.0 


0.0 


0.0 


1.000 


0.0 


0.0 


1.000 


0.0 


0.700 


0.0 


0.350 


0.0 


0.900 



ERIC 



m L £IA Z £IA 3 m 4 

EQ. 1 1.000 0.0 0.0 0.0 

EQ. 2 0.0 1.000 0.0 0.0 

Et3. 3 -0.540/ -0.050 1.000 0.0 

EQ. 4 -0«060( -0.430 ' 0.0 1.000 



GAMMA 



JiiJ L KSI 2 JiiL 



EQ. I -0.007 -0.186 -0.004 

EQ. 2 -0.011 0.019 -0.004 

EQ. 3 :^ 0.0 0.0 0.0 

EQ. 4 0.0 0.0 0.0 

PHI > 

Jiil L KSI Z • KSI 3 

KSI 1 205.200 

KSI 2 0.100 0.250 

KSI 3 37.810 -O.iao 61.100 

PSI 

JEfiU L gQ- 2 EQ. 3 EC. 

EQ. 1 0.210 
EQ. 2 0.0 < 0.230 

EQ. 3 0.0 0.0 0.140 

Q EQ. 4 0.0 — 0.0 0.0 0.0 



THETA EPS 



$UCC73 

NQMCy73 

STEA073 

MARRY73 

C1.0SE73 

AWAY^73 

SUCC7^ 

M0NEY7* 

ST6A074 

MARRY 74 

CLOSE 74 

AWAY 74 



SUCC74 

M0NeY74 

STEA074 

MARRy74 

CtOSE74 

AWAY74 



FACCC 
FAEOUC 
MAEOUC 
SEX 

READING 
LETTERS 
VGCA8 
MATH 



0.100 
0.0 
O.OlO 
0.0 
0.0 
0.0 
0.010 
0.0 
0.0 
0.0 
0.0 
0.0 

THETA EPS' 
SUCC74 



0.160 
0.0 
0.0 
0*0 
0. 0 
0.0 

THETA DELTA 

PAQCC 



343.000 
0.0 „ 
0.0 
0.0 
0.0 
0.0 
0.0 
0. 0 







li AO D Vf ^ 


ILL£LSE73 


0.270 








0*0 


0*270 






o«o 


w • V 






0*0 


0.0 


Q fl 


n 1 f A 


0.0 • 




u • w 


U •U 


0«0 


0*0 


0 0 


ii n 
U« U 


O.OlO 


0« 0 


n n 

u « W 


U«U 


0^0 


0.010 


0.0 


Q«0 


0«0 


0.0 


o.'olo 


U«0 


0«0 


0.0 


0.0 


O.OIO 


0.0 


0.0 

j 


0.0 


0.0 




J 


MARRY74 




Om29Q 

W V 4i» ' W 








0.0 


0.180 






0«0 


0.0 


0.170 




0«0 


0.0 


0.0 


0,350 


0.0 


0.0 


0.0 


0.0 




M A Dl ir 


SEX 




0« 150 








0.0 


W • W O W 






0. 0 


0- Q 


w • u 




0.0 


0.0 




C / « uu u 


0.0 


b.O 


0.0 


0.0 


0*0 


O.Q 


0.0 


0.0 


Q.O 


0.0 


0.0 


0.0 



Ai«AY7^ 



0.330 

0.010 

0.0 

0.0 

0.0 

0.0 

0.010 



0.389 



LSTTFRS 



THETA DELTA 



43.000 
0.0 

0,0 

■ J 



VQCAS 
MATH 



VPCAfl 



42.000 
0.0 



MATH 



37.000 



'A' 



FRir 



... , 



tjsiM^Al ^06i.$' MITH UNHBASUiieO VARIABLBSs AN INTRaOUCnON TO ll&RiL 



; 11 SRei 6STI MATES 










LAMBDA V 








"SUCC73 


er^ I 


' CIA. 2 




ETA 4 


l.OQO 


0^0 


QmO 


0.0 


MONEY 73 


i;458 


UmO 


0.0 


0.0 


STEA073 


2.946 


0.0 


0.0 


0«0 


MARRY 73 


0.0 


1.000 


0.0 


0.0 


CL0Se73 


0«0 


1 .477 


0.0 


0.0 


AWAY73 


0.0 


0.679 


0.0 


0.0 


SUCC74 


0.0 


0.0 


1.000 


Q«0 


MONEY 74 


o.-o 


0.0 


U446 


Q^Q 


STEA074 


0*0 


0.0 


2.285 


0.0 


HARRY74 


1 0.0 


.0.0 


0.0 


1.000 


CL0SE74 


0.0 


0.0 


0.0 


1*228 


AMAY74 


0.0 


0.0 


0.0 


0«271 




LAMBDA X 










K.«;i 1. 


KSI 2 ' 


KSI 3 




FAQCC 


1.000 


0.0 


0.0/ 




FAEOUC 


0.083 


0.0 


0.0 




MAcOUC 


0. 041 


0.0 


0.0 




SEX 


i 0.0 


vliOOO 


0.0 




READING 


^ 0.0 


, 0.0 


1.000 




/LETTERS 


0.0 


0*0 


0. 705 




VQCAB 


0.0 




0.89 1 




MATH 


0.0 


0*0 


0.897 






BETA 










ETA 1 


- PTA 7 


ETA 3 


BTA 4 


EQ. 1 


1.000 


0.0 


0.0 


0.0 


EQ. 2 


0.0 




0.0 


0.0 


EC^. 3 


' -1. 124 


V- 0.065 


X..00O 


0.0 


EQ. 4 


-0.074 


- 1.329 


0.0 


1.000 




GAMMA 










KSI I 


KSI 2 


KSI 3 




EQ. 1 


-0.000 


-0.094 


. -0.005 




EQ. 2 


-0.002 


0.066 


-0.005 




EQ. 3 


0.0 


0.0 


0.0 




EQ. 4 


0.0 


0.0 


0.0 






PHI 












KSI 2 






KSI 1 


204.732 








KSI 2 


-0.440 


0.250 






KSI 3 


39.588 


-0.149 


59.244 





PSI 



EQ. 
EQ. 
EQ. 

ERIC 



1 

2 
3 
4 



0.014 
0.007 
0.0 
0.0 



0.014 

0.0 

0.0 



0.013 
0.0 



!|UGC73 

IITI4073 
HAR«YT3 

«UCC74 
'MQNBY74 
ST6A07^ 
MAftRV74 
Ct.0Se74 
AWAY 74 



0.0 

0*033 
0*0 
0.0 
0«0 
0.047 
0«0 
0.0 
0.0 
0«0 
0.0 



SUCC74 
■M0NeY74 
ST6A074 
MARRY74 
CLOSE 74 
AWAy74 



TH6TA £PS 

SUCC74 



0. U4 

0.0 

0.0 

0.0 

0.0 

0.0 

THETA DELTA 

















' ■ ■ V 




•iAM4Y73 

1 s 












u#u 










A n 


n rt 


A ' 1 4. 






n rt 
u« u 


n n 
U« U , 


QmQ 






. w« w 


u« u 


A A 


A /Ik 


Q«329 






A A 




0.020 




* A A 


A /\ 

OmQ 






U « VI 


A A 9 M 


A A 




. 0.0 


Mm II 


A A . 


A A A 1 




0.0 




A A 


• A A 


0«13O 


^ ' Q^O 


0.0 


0.0 




0.0 


0.136 


MONEY 74 


STPAD74 


MARRV74 






i 










U « U 




* 






n n 
U« U 




0« 161 


■ 




n n 


A A 


A A 


0.368 




0»0 


O.Q 


0«0 ' 


0-0 





FAOCC 


FAQCC 


FAFnur 


MAEOUC 


SFX 


REAOINCi 


^LfTTERS 

'1 


3404066 








f=AEOUC 


0.0 


0.172 










MAEOUC 


0.0 


0.0 


0.662 








SEX 


0.0 


0.0 


0.0 


'0.0 






READING 


0.0 


0.0 


0.0 


0.0 


27.346 




LETTERS 


0.0 


0.0 


0.0 


0.0 


0.0 


44.007 


VOCAS 


0.0 


0.0 


0.0 


0.0 


0.0 


0.0 


MATH 


0.0 


0.0 


0.0 


0.0 


0.0 


0.0 



THETA DELTA 



VQCAB 
MATH 



VQCAB 
42.170 
0.0 



HATH 



37.382 



TEST OF GOaONESS OF FIT 



CHI SQUARE WITH 151 OEGKEES OF FREEDOM IS .315.1317 



PROBABILITY LEVEL » 0.0000 



ERIC 



:^*jifAU4AI. MQOILS MITH UNHIASUR60 VARUai.6Si AN INTROQUCTIQN TO LISML 

JSTANOARO eRRORS , 
IAM80A i 



SUCC73 


ETA, i 


ETA. , , 2 


ETA a 


ETA 4 


0.0 


0.0 


0,0 


0.0 


MQNeY73 


0.303 


0.0 


0«0 


0.0 


STEA073 


0.490 


0. 0 


0.0 




MARRY 73 


0.0 


0.0 


0.0 


0.0 


CLQSE73 


0.0 


0.366 


0.0 


0-0 


AMAV73 


0.0 


0.252 


0.0 


0.0 


SUCC74 


0.0 


0.0 


0.0 


0.0 


MONEY 74 


0.0 


0.0 


0.193 


0.0 


STEA074 


0.0 


0.0 


,0.310 


0.0 


MARRY74 


0.0 


0.0 » 


0.0 


0.0 


CL0SE74 


0.0 


0.0 


0.0 


0.254 


AMAY74 


0.0 


0.0 


0.0 


0.177 




LAMBDA X 














KSi a 




FAQCC 


0.0 


0.0 


0.0 




FAEOUC, 


0.006 


0.0 


6.0 




MAEOUC 


0.003 


0.0 


0.0 




SEX 


0.0 


0.0 


0.0 




READING 


0.0 


0.0 


0.0 




LETTERS 


0.0 


0.0 


0.042 




VQCAa 


0.0 


0.0 


0.046 




MATH 


0.0 


0.0 


0.045 ' 





BETA 



EQ. 
EQ. 
EQ. 
EQ. 



1 
2 
3 
4 



£IA- 



0.0 
0.0 • 
0.213 
0.159 



PTA 7 
0.0 
0.0 
0.105 
0.255 



£iA a 

0.0 
0.0 
0.0 
0.0 



0.0 
0.0 
0.0 
0.0 



GAMMA 



EQ. 
EQ. 
EQ. 
EQ. 



1 

2 
3 
4 



0.001 
0.001; 
0.0 
0.0 



Jlil 2 

0.020 
0.022 
O.O 
0.0 



JLSUL 



0.001 
0.001 
0.0 
0.0 



PHI 



KSI 
KSI 
KSI 



1 

2 
3 



HSi I 

25^105 
0.276 
5.608 



0.0 
0.153 



KSI 3 



4.638 



PSI 



EQ. 
EQ. 
EQ. 
EQ. 



1 
2 
3 
4 



EQ. , \ 
0.005 
0.002 
0.0 
0.0 



0.006 

0.0 

0.0 



0.004 
0.0 



0.0 



i-iuccra 

? MA«ftV73 

r AMAvra 

$UCC74 
■ M0N8V74 
STEAO?^ 
HARRY 74 
CLOSE 74 
AWAV74 



S0CC74 
MONEY 74 
STeA074 
MARRY 74 
CL0Se74 
AMAY74 



FAOCC 
f AEOUC 
MAEOUC 
SEX ' 
READING 
LETTERS 
VOCAB 
MATH 



0«010 
O.Q . 
0«009 
0.0 
0*0 
0.0 
0.007 
0.0 
0.0 
0.0 
0.0 
0.0 

THETA EPS 

SUGj;Zi,„„ 

O.OLO 

0.0 

0.0 

0.0 

0.0 

0.0 

THETA DELTA 

FAQCC 



340 
0.0 
0.0 
0.0 
0.0 
0.0 
0.0 
0.0 



o.ou 

0*0 

0,0 

0«0 

0.0 

0.0 

0.013 

0.0 

0.0 

0.0 

0«0 



MflN,eY74 

0.019 

0.0 

0.0 

0.0 

0.0 



FAEQUC 

0.082 
0.0 
. 0.0 
0.0 
0.0 
0.0 
' 0.0 



JLXJGlACULiLii 



0*02.3 

0«Q 

0.0 

0.0 

0.0 

0.0 

o.ou 

0.0 
0.0 
0.0 



STEAQ74 



0.024 
0.0 
0.0 
0.0 



MAEOUC 



0.040 

0.0 

0.0 

0.0 

0.0 

0.0 



jmuu 






0«OIQ 








0.021 




QmO 


0.0 


0.017 


0.0 


0..0 


O.ooa 


0.0 


0.0 


0.0 


0.0 


0.0 


0.0 


o.ooa 


0.0 


0.0 


0.0 


Ov,017 


0.0 


0.0 


0.0 


0.014 


MARRY 74 


CLQSE74 


AWAY74 


O.OU 






0.0 


0.023 




0.0 


0.0 


d.020 


SEX 


READING 


LETTERS 



0.0 
0.0 
0.0 
0.0 
0.0 



2.^44 
0.0 
0.0 
0.0 



2.605 

0.0 

0«0 



THETA DELTA 



VOCAB 
MATH 



VQCAQ. 



2.787 
0.0 



MATH 



2.532 



ERIC 



jGAUSAk NOOIIS WITH UNHIASURfiO VARIAaieSi AN INTROOUCTION TO llSftfii. 



T-VAI,a«8 



LAMBDA Y 





. eTA 1 


fiTA 2 


6TA 3 


ETA 4 


$UCC73 


0<«0 


QmQ 


0*0 


0.0 


NONEY73 


4.783 


Q.Q 


a« Q 


0*0 


STeA073 


,^3.653 


0.0 


0.0 


0.0 


HARRY 73 


0.0 


Q«0 


0.0 


0.0 


C1.0$£73 


0.0 


4.034 


0.0 


0.0 


AWAY73 


0.0 


2.688 


0.0 


0,0 


SUCC74 


0.0 


0.0 


0.0 


0.0 . 


M0NEY74 


0.0 


0.0 


7.511 


0.0 


STEAD 74 


0.0 


0.0 


• 7-363 


0.0 


MARRY74 


0.0 


0.0 


0.0 


0.0 » 


CI.0S674 


0.0 


o.u 


0.0 


4.832 


AWAY74 


0.0 


0.0 


0.0 


1.527 



LAMBDA X 





KSI I 


KSI ? 


FAOCC 


0.0 


0.0 


FAEOUC 


13.437 


0.0 


MAEOUC 


13.589 


0.0 


SEX 


0.0 


0.0 


READING 


0.0 


— 4}.0 


LETTERS 


0.0 


0.0 


V0CA8 ' 


0.0 '■ 


0.0 


MATH 


0.0 


0.0 • 



ERIC 



SETA 



ETA 



EQ. 


1 


0.0 


EQ. 


2 


0.0 


cQ. 


3 


-5.287 


EQ. 


4 


-0.465 






GAMMA 






KSI 1 


lEQ. 


1 


-0.917 


EQ. 


2 


-3.045 


EQ. 


3 


^ 0.0 


EQ. 


4 


0.0 






PHI 






KSI ' 1 


KSI 


1 


. 8.157 


KSI 


2 


-1.595 


KSI 


3, 


7.060 



PSI 



EQ. 


1 


3.055 


EQ. 


2 • 

3-^- 


2.984 


EQ. 


0.0 


EQ. 


4 


0.0 



0.0' ■ 

0.0 
-0.623 
-5.204 



0.0 
0.0 

0.0 ' 

o.q( 

■.16.8,71 4 
.19,497 
20.066 



■1 

ETA -i: • 




2.53^ 
0.0 



,3.412?.: 

>e.o 



040 



mn 

MARRY T*.. 
A«AVT4 .. » ' 



r'l 7 •417 

? o«o ■ 

0.0. ■ 



. SMGC74 

STEA074. 
NARHYIV 
C105674 /' 



i>*76a 

0.0 

I - 0,0 
j^O.O 

,0.0 



. QtQ, 

0.0 

0**0 
'0.0 
9.120 
0.0 
0.0 
0«0 
0.0 



16.384 
0.0 
0.0 
0.0 



0.0 



10;927 
0.0 .1 
0.0 
0.0 
0.0 
0.0 
U629 
0.0 
0.0 
0.0 



STEAQTi, 



9.983 

OjQ 

0.0 
0.0 



iHABRY.T3 i .. i L CilaQ.5A7.3i.» AittAYilli 



U.190 
0.0 
0.0 
0.0 
0.0 
0.0 
.9.011 
0.0 
0.0 



MAaRYT^ 



16.613 
0.0 
0.0 
0.0 
0.0 
0.0 
7.944 
0.0 



CLQSE74 



-14-093^ 



0.0 
0.0 



16.138 
0.0 



18.497 
2.928 
0.0 

u.o 

0,0 
0.0 
9.670 



AkAlZ^ 



19.232 



THETA DELTA 



FAi)C(i , ' 
FAEOUC 




:3^TERS 

vdCAa / 

MATH ^ 

' 1 ■ : 



FAOCC 


FAEDUC 


MAEDIJC 


SEX 


15.935 






0.0 


2,093 






0.0 


0.0 


16.692 




0.0 


0.0 


0.0 


0.0 ~ 


0.0 


0.0 


0.0 


0.0 


0.0 


0.0 


0.0 


0.0 


0.0 


0. 0 


0.0 


0.0 


0.0 


0.0 


0.0 


0.0 



11.189 
0.0 
0,0 
0.0 



16.894 
0.0 
0.0 



THETA DELTA 



VOCA'B 
MATH 




15.133 
0.0 



HATH 



14.477 



} 




ERIC 



60 



; (SAUS^Ai MOOaiS MITH UNMiA{SUKaO VAAUBLISl AN INTAaoyCTIQN TO limL 



SIOMAi MSIOUALS* gTC. 
SIOHA 







MGNEY73 


STEAn73 


MAARY73 


CLOSE? 1 


AyAY7.1 


9UCC73 


Q.iaa 












MQNf y73 


0*026 












STIA073 


0.079 


0^066 


0*360 


0*179* 






NAftAV73 


0*007 


0«OLI 

** w ^ W W 


0*019 








0«0U 


U.016 


0*02 8 


0.028 


0«396 




AHAV73 


0.009 


0*007 


0.013 


0.013 




0*338 


SUCC74 


0.06A 


0«030 


0.052 


0.009 


U#014 


0*026 


M0N6Y74 


0.030 


0«163 


0*076 


0*014 


Q«020 


0*009 


ST6A074 


0.047 


0.069 


0* 145 


0*022 


0*032 


0.019 


MARRY74 


O.Oll 


0«016 


0.028 


0.067 


^ o«o3a 


0.0L7 


CLQS67^ 


0.014 


0«02Q 


0*039 


0*031 


0«176 


0*021 


AMAY74 


0.003 


0.004 


0.008 


0.007 


0.010 


0.141 


r AUQC 


-0.247 


-0.360 


-0.629 


-0-696 


— 1 .027 


-0*472 


FABDUC 


: -0.021 


-0.030 


-0*052 


-0.058 


-0.085 


-0*039 


MAEOUC 


1 -0.010 


-0.015 


-0.025 


-0.028 


-0.042 . 


-0.019 


SEX 


-0.022 


-0.033 


-0.057 


0.018 


0*027 


0.012 


READING 


-0.2a9 


-0.421 


-0.735 


-0.373 


-0.550 


-0.253 


LETTERS 


-0.203 


-0.297 


-o.5la 


-0.263 


-0.388 


-0.178 


VOCAB 


-0.257 


-0.375 


-0.655 


-0-332 


-0.490 


-0.225 


HATH 


-0.259 


-0.378 


-0.6 59 


-0.334 


-0.494 


-0.227 




SIGMA 


• 












^UCC74 


MONEY 74 


STEAD74 


MARRY74 


CLQSE74 


AWAY74 


SUCC74 


0.201 












M0NEY74 
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